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Abstract

Research in sound discrimination demonstrates
that listeners exhibit reduced sensitivity to
acoustic differences between allophones, as op-
posed to phonemes. Previous studies indicates
that highly predictable, complementary distri-
bution of allophones contributes to this limited
sensitivity by providing strong contextual cues.
Building on these insights, this study investi-
gates the role of predictability in sound discrim-
ination within a supervised contrastive learning
framework. Specifically, we examine how vary-
ing levels of predictability affect the ability to
distinguish sounds and whether this influence
is categorical or gradual. Additionally, we ex-
plore the interaction between acoustic distance
and predictability, as well as how the presence
of other contrasts within a language modulates
this process. Our findings indicate that only full
predictability leads to a significant decline in
discrimination performance, demonstrating a
categorical effect. This impairment can be alle-
viated as acoustic distance increases. Moreover,
the presence of additional contrasts sharing the
relevant acoustic dimension enhances discrim-
inability, showing the importance of contextual
contrasts in speech perception.

1 Introduction

When discriminating between different sounds,
studies have shown that listeners perceive allo-
phones within their native language as less dis-
tinct than phonemes, and this phenomenon emerges
early in language development (Whalen et al.,
1997; Pegg and Werker, 1997; Peperkamp et al.,
2006; Boomershine et al., 2008; Seidl et al., 2009;
Seidl and Cristia, 2012). For instance, in Boomer-
shine et al. (2008), both Spanish-speaking and
English-speaking listeners were asked to rate the
similarity of sound pairs that differ in phonologi-
cal status across the two languages (e.g., /d/ and
/8/) . In English, these are separate phonemes,
whereas in Spanish, they are allophones in com-

plementary environments. The results reveal that
Spanish-speaking listeners rated these complemen-
tarily distributed sound pairs as more similar than
English-speaking listeners did, indicating that lis-
teners are less sensitive to allophonic differences
than to phonemic distinctions, even when the acous-
tic distances between the sounds are comparable.

One possible explanation for this perceptual
difference is that allophones generally occur in
highly predictable, complementary environments,
while phonemes can appear in overlapping contexts.
Prior research suggests that contextual cues, espe-
cially complementary distributions, increase the
predictability of sounds and thus attenuate individ-
uals’ sensitivity to acoustic differences (Peperkamp
et al., 2003; Noguchi and Kam, 2018; Barrios et al.,
2023). For example, Peperkamp et al. (2003) ex-
posed participants to a continuum from [©] to [y],
with stimuli presented in different distributions of
occurrence (bimodal vs. unimodal distributions)
and varying contextual conditions (overlapping vs.
complementary conditions). The results of the post-
exposure discrimination test suggest that, despite
bimodal exposure, the high predictability of speech
sounds from complementary contexts led to listen-
ers’ reduced sensitivity to the acoustic differences,
compared to overlapping contexts. These studies
indicate that increased predictability from comple-
mentary contexts reduces listeners’ sensitivity to
target sounds by enabling reliance on contextual
cues (Peperkamp et al., 2003; Noguchi and Kam,
2018).

In natural languages, however, the predictability
of sounds is not always defined in absolute terms.
Instead, it is often gradient, with certain sounds
more likely to occur in specific phonological en-
vironments than others. To systematically explore
the role of predictability, beyond just the two ex-
tremes, the current study investigates how varying
degrees of predictability influence discrimination
performance along a continuum.
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In addition to the influence of complementary
contexts on sound discrimination, acoustic distance
within such distributions plays a key role in per-
ception. Allophones tend to share similar acous-
tic properties (Peperkamp et al., 2006; Skoruppa
etal., 2011) and generally exhibit smaller acoustic
distances than phonemes (Seidl and Cristia, 2012).
When two sounds are acoustically very distant, they
are thus less likely to be perceived as allophones
of the same phoneme, even within complementary
contexts (Peperkamp et al., 2006).

Building upon these backgrounds and specif-
ically extending the work of Peperkamp et al.
(2003), the current study aims to compare discrimi-
nation performance of sounds across different lev-
els of predictability, while systematically varying
the acoustic distances within bimodal distributions.
Our hypothesis is that exposure to the complemen-
tary distribution of two sounds (100% predictabil-
ity) will lead to reduced sensitivity to acoustic dif-
ferences; however, large acoustic distances may
attenuate this effect even within complementary
contexts. To capture the gradient nature of acous-
tic differences, we examine multiple sound pairs
with graded acoustic distances, allowing us to ob-
serve how discrimination performance varies along
a continuum of acoustic similarity.

Our study design thus addresses two main ques-
tions:

(a) Does full predictability (i.e., complementary
context) lead to reduced sensitivity? If so,
is the effect of predictability categorical (i.e.,
reflecting phoneme-like versus allophone-like
perception), or does it change gradually along
with predictability?

(b) How does the influence of contextual cues on
sound discrimination change across varying
levels of acoustic distances?

To investigate these questions, we employ a su-
pervised contrastive learning framework (Khosla
et al., 2020). The model is trained to distinguish
between different CV syllables for each condition
over 200 epochs, simulating human perception of
sound pairs. The trained encoder is then used to
evaluate the discrimination performance on a test
set. By analyzing the latent feature representations
using the silhouette score and the distance distribu-
tion overlap (DDO) score, we quantify how well
the two categories in the test set are separated in
the feature space.

2 Experiment 1

Experiment 1 examines how predictability influ-
ences the discrimination of speech sounds of differ-
ent acoustic distance. Within a contrastive learning
framework, sound pairs are presented with varying
acoustic similarity, represented by acoustic vec-
tors, within different contextual conditions to mod-
ulate predictability. Discrimination performance
is assessed by evaluating the silhouette scores and
DDO scores of the sounds embedded within the
same context, providing insights into how the two
factors interact to influence perceptual separation.

2.1 Method
2.1.1 Dataset

The stimuli used are CV syllables, consisting of
eleven fricatives differing primarily in their center
of gravity (CoG). These form ten pairs of sounds,
with a shared anchor sound (labeled as /sy/) and a
variable second sound (/s1/ to /s1¢/, referred to as
/s/). The ten pairs are labeled as pair 1 through
pair 10.

The mean CoG of /sy/ is 9000 Hz. For each
/s./, the mean CoG decreases in steps of 500 Hz,
starting from 8000 Hz for /s;/ down to 3500 Hz
for /sj9/. The distribution of each sound along
the CoG dimension follows a truncated Gaussian
distribution spanning [mean — 2 x sd, mean + 2 x
sd], with a standard deviation sd = 500 Hz. For
instance, /s1/ ranges from 7000 Hz to 9000 Hz.
Consequently, in the design, the two sounds in pair
1 and pair 2 have overlapping values along the CoG
dimension, respectively. The truncated gaussian
distribution is selected to maintain control over the
scope while approximating realistic distributional
variability.

In the training set, we manipulate the distribu-
tion of target sounds to create a gradient of pre-
dictability levels, including 0%, 25%, 50%, 75%,
and 100%. This is achieved by varying the propor-
tion of complementary contexts, using eight vowels
i1, h, lel, I/, o/, v, [0/, [5/) as contexts to form
CV syllables. For each pair of sounds (/sg/ and
/s./), predictability is determined by the proportion
of stimuli with complementary contexts. For ex-
ample, in the 75% predictability condition, vowels
/i, 1, e/ are only preceded by /s¢/, while /u, v, o/
only follow /s,/. Vowels /¢, o/ are shared between
the two fricatives. The number of tokens involving
each vowel is equal, resulting in stimuli with com-
plementary contexts constituting 75% of all stimuli
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in this condition.

In the test set, both sounds in each pair are com-
bined with the following vowel /a/. All nine vowels
(eight in the training set and one in the test set) only
differ in their first three formant frequencies (F1 to
F3). The values are based on measurements from
48 female American English speakers by Hillen-
brand et al. (1994).

Thus, this creates 50 conditions in total, varying
in predictability (five levels ranging from 0% to
100%) and acoustic distance (ten pairs). Each con-
dition has 1,000 tokens per vowel for the training
set, totaling 8,000 tokens per condition.

2.1.2 Input manipulation

Stimuli are represented as acoustic vectors: each
sound as a 16-dimensional feature vector, with
pairs of sounds combined into a 2 x 16 vector repre-
senting a CV syllable. The 16 dimensions of each
sound include: center of gravity, frication duration,
standard deviation, skewness, kurtosis, frication
intensity, total duration, vocalic duration, vocalic
intensity, fundamental frequency (F0), and frequen-
cies and bandwidths of the first three formants (F1,
F2, F3). The structure is shown in Table 1.

For fricatives, the last nine features have a zero
value, while vowels are assigned zero values for
the first six features. Most features follow a
truncated Gaussian distribution ranging between
[mean — 2 x sd, mean + 2 x sd], with a standard
deviation set to 5% of the mean value for each (ex-
cept for CoG, whose standard deviation is 500 Hz).
Total duration and vocalic duration are constant.
The mean values of all components, other than
the formant frequencies and CoG values, are as-
signed to be consistent across different syllables,
with reference to relevant phonetic studies (e.g.,
de Cheveigné, 1999; Jongman et al., 2000; McMur-
ray and Jongman, 2011; Li and Gu, 2015). Sample
vector values for a token of /sygi/ are shown in Ta-
ble 1.

2.1.3 Model structure and loss function

The core encoder is a fully connected neural net-
work comprising a flattening layer, followed by
two linear layers with ReLLU activations, which
compresses input vectors into a four-dimensional
feature space.

The training optimization employs a supervised
contrastive loss based on normalized temperature-
scaled similarity. A typical function of supervised
contrastive learning is illustrated in Equation 1

(Khosla et al., 2020).

exp (2 - zp/T)

Z log

peP(i)

-1
t ZEZ] | P(i)] ZaeA(i) exp (2; - 2a/T)
ey
In this formulation, 7 denotes a specific token in
the batch 7, and z; is its corresponding feature vec-
tor. The symbol - represents the inner (dot) product.
The set A(4) includes all samples in the batch I
except for the token 4, while P(i) comprises all
positive samples for ¢ within A(¢), with | P(7)] in-
dicating its cardinality. T is a scalar temperature
parameter.

In our implementation, feature vectors are first
normalized to unit length before similarity com-
putation. The similarity matrix is then derived for
all pairs within the batch. To improve numerical
stability, the maximum similarity value in each
row, corresponding to the similarity of the token
7 with itself, is subtracted from all entries in that
row. A mask tensor is employed to distinguish
positive pairs from negative pairs, while excluding
self-similarities to prevent trivial solutions. To pre-
vent division by zero, |P(i)| is set to 1 when no
positive samples are available for token ¢ in this
batch. The overall loss for the batch is calculated
by averaging the individual losses of each sample.
The loss function used in this study is shown in
Equation 2.

exp Sip
2 acAi) ©XP Sia

1 -1
Loss = NZ D, Z log
icl pEP(7)
Si’j = sim(zi, Zj)/T — sim(z,-, zi)/T
1, if |[P(i)] =0
D; =
|P(i)|, otherwise
2
In Equation 2, N is the number of samples in
the batch /. The function sim(z;, z;) calculates
the cosine similarity between the vectors. The tem-
perature parameter 7 is set to 0.07 in this study.
This loss function promotes embeddings of sam-
ples from the same class to cluster together, while
pushing apart embeddings from different classes,
aligning with recent contrastive learning method-
ologies (e.g., Chen et al., 2020; Khosla et al., 2020;
Gao et al., 2022; Liao et al., 2023).
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No. Element Explanation Distribution /so/ fi/
1 cog Center of gravity Gaussian 8847.59 0.00
2 fri_dur Frication duration Gaussian 178.82 0.00
3  sta_dev Standard deviation Gaussian 180.72 0.00
4  skewness Skewness Gaussian 0.51 0.00
5  kurtosis  Kurtosis Gaussian 0.92 0.00
6 fri_int Frication intensity Gaussian 61.39 0.00
7  tot_dur Total duration Fixed 200.00  400.00
8 voc_dur Vocalic duration Fixed 0.00 400.00
9 voc_int Vocalic intensity Gaussian 0.00 79.72
10 {0 Fundamental frequency Gaussian 0.00  190.57
11 b3 Bandwidth of F3 Gaussian 0.00 169.54
12 b2 Bandwidth of F2 Gaussian 0.00 114.70
13 bl Bandwidth of F1 Gaussian 0.00 86.99
14 13 Frequency of F3 Gaussian 0.00 3335.26
15 f2 Frequency of F2 Gaussian 0.00 2911.90
16 fl Frequency of F1 Gaussian 0.00 407.04

Table 1: Vector components and sample vector values for a token of /syi/

2.1.4 Training and evaluation

The model is trained for 200 epochs using batches
of size 32, with a fixed learning rate of 0.001. Dur-
ing training, the model of each condition learns
distinguish between different CV syllables, under
the contrastive loss described earlier. After training,
the encoder generates the four-dimensional feature
embeddings for test data. Discrimination perfor-
mance of the model is quantified using two metrics:
the silhouette score and the DDO score. The silhou-
ette score measures how well the two classes are
separated in the embedding space, with higher val-
ues indicating greater separation and, consequently,
better discrimination. The DDO score quantifies
the overlap between the probability density func-
tions of all pairwise within-class and between-class
distances, with lower scores signifying improved
discrimination.

To mitigate the effects of randomness, each con-
dition is repeated ten times with independently ini-
tialized models, providing more robust estimates
of performance for subsequent statistical analysis.

2.1.5 Analysis

For each step, a linear regression model is utilized
to examine the effect of predictability on the re-
sponse variable, the silhouette score or the DDO
scores. Following this, post-hoc pairwise compar-
isons using Tukey’s Honestly Significant Differ-
ence (HSD) test are performed to assess differences
in the scores across various levels of predictability.

2.2 Results

The silhouette scores for each condition in Experi-
ment 1 are displayed in Figure 1. The y-axis depicts
the silhouette score, while the x-axis indicates the
step of the sound being compared (i.e., /s;/).

Setting: Standard
Predictability
—— 0%

Silhouette Score

Step

Figure 1: Silhouette scores for each condition in Experi-
ment 1

Regarding the role of predictability, the results
show that 100% predictability significantly leads to
worse performance of sound discrimination com-
pared to all other predictability levels at steps 1 to
8 (all p values < .0001). In contrast, the differences
among the other predictability levels are not sta-
tistically significant (all p values > .05) across all
acoustic distance conditions (i.e., steps).

There is a consistent trend that larger acoustic
distances tend to correspond to higher silhouette
score. When examining the interaction between
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predictability and acoustic distance, it is notable
that the influence of 100% predictability appears to
diminish as the acoustic distance increases. Specif-
ically, in conditions with large acoustic distances,
there is limited or no significant difference in sil-
houette scores between the 100% predictability
condition and other predictability levels. For ex-
ample, at step 9, the difference in silhouette scores
between the 100% and 25% predictability levels is
not statistically significant (p = .077), and at step
10, no significant difference is observed between
the 100% predictability condition and the other lev-
els (all p values > .05). This suggests that salient
acoustic distance can attenuate the influence of pre-
dictability on sound discrimination.

The DDO scores for each condition are shown in
Figure 2. These scores provide similar information
to the silhouette scores. However, even at step 10,
100% predictability does not achieve the same per-
formance as other predictability levels (all p values
< .01), although the differences are substantially
reduced.

Setting: Standard
Predictability

1 —— 0%
25%
08 —— 50%
—— 75%

—e— 100%

Distance Distribution Overlap

2 4 6 8 10
Step

Figure 2: Distance distribution overlap (DDO) scores
for each condition in Experiment 1

Overall, these findings indicate that predictabil-
ity from contextual cues can influence sound per-
ception, with full predictability reducing the sensi-
tivity to the acoustic differences. The effect of pre-
dictability appears to be categorical, affecting per-
formance only under complete predictability condi-
tions. Meanwhile, acoustic distance gradually en-
hances discrimination performance, ultimately off-
setting the influence from full predictability when
the acoustic distance is sufficiently large.

3 Experiment 2

In Experiment 1, we have determined whether the
effect of predictability from contextual cues is cat-

egorical or gradual and how this influence varies
across different acoustic distances, focusing on a
single contrast. However, in natural languages,
contrasts are rarely learned in isolation. Instead,
acoustic distinctions from other contrasts may also
affect the perception of a new pair of sounds. To
explore this, we conduct additional series of exper-
iments to examine how acoustic distinctions from
other sound contrasts impact the discrimination of
the target sounds.

3.1 Method

Building on Experiment 1, we introduce an addi-
tional pair of sounds with overlapping contexts in
training, where the predictability for this pair is
set to 0%. For comparison, we train three sets of
models, each incorporating a new sound pair with
distinct levels in the CoG difference:

(1) A pair showing no difference in CoG, labeled
as /z./ and /ts,/, with their CoG values match-
ing the second sound /s, / in the target sound
pair for each condition.

(2) A pair exhibiting a fixed larger difference in
CoG, labeled as /zg/ and /zg/, as their CoG
values resemble those of /sy/ and /sg/.

(3) A pair with a fixed smaller difference in CoG,
labeled as /zg/ and /zs5/, as their CoG values
are similar to those of /sg/ and /s5/.

Among them, /zg/ and /z,/ can be considered
voicing counterparts to the target sounds /so/ and
/s./, respectively, while /ts,/ serves as an affricate
counterpart of /s;/. For simplicity, the three settings
of models are designated as ‘Unrelated’, ‘Long-
Distance’, and ‘Short-Distance’, respectively. The
setting from Experiment 1 is referred to as ‘Stan-
dard’. In Experiment 2, the training set is expanded
by doubling the total number of tokens with an ad-
ditional contrast, resulting in 16,000 tokens in each
condition.

Regarding the input vectors, voicing differences
are achieved by changing the vocalic duration of
the consonant, whereas affricate differences are ma-
nipulated by altering the frication duration of the
consonant. Specifically, the vocalic duration for
voiceless fricatives is set to 0 ms, while for voiced
counterparts it is fixed at 200 ms. Frication dura-
tion is 174 ms for fricatives, while it is 96 ms for
affricates, both sampled from truncated gaussian
distributions. The values for each component are

481



assigned based on established phonetic research
(Jongman et al., 2000; Lee, 2011; Li and Gu, 2015).
Other components are manipulated similarly to the
target sounds in Experiment 1. The model struc-
ture, loss function, and training and evaluation pro-
cedures remain consistent throughout, except that
only the silhouette scores are retained for more
concise comparisons.

The same analysis pipeline used in Experiment
1 is applied to the results from each of the three
model settings. Additionally, we compare the out-
comes across the four settings based on their pre-
dictability, especially 100% predictability. For each
step within each predictability level, we utilize a
linear regression model to examine the effect of
different experimental settings on the silhouette
scores. Pairwise comparisons are conducted to as-
sess the differences between various settings.

3.2 Results

The silhouette scores for each condition in the three
settings of Experiment 2 are presented in Figure 3.

The results across all three settings suggest that
100% predictability tends to have a distinct impact
compared to other predictability levels. In the ‘Un-
related’ setting, 100% predictability is significantly
different from the other predictability levels from
steps 1 to 9 with lower silhouette scores (except
for the comparison with 75% predictability at step
1, where p = 1), indicating poorer discrimination.
In the ‘Long-Distance’ setting, this significance is
observed from steps 1 to 7 (except for the com-
parison with 75% predictability at step 6, where
p = .0824), while it spans from steps 1 to 5 for
the ‘Short-Distance’ setting. Aside from 100% pre-
dictability, other predictability levels show little or
no difference at each step for all three settings.

In general, settings with another sound pair ex-
hibit similar trends to the ‘Standard’ setting. How-
ever, a key difference lies in the influence of the
100% predictability. Figure 4 shows the silhou-
ette scores for 100% predictability across the four
settings at each step. Throughout all steps, the
‘Standard’ setting shows no significant difference
from the ‘Unrelated’ setting. The ‘Short-Distance’
setting demonstrates significantly better discrim-
ination than the ‘Long-Distance’ setting only at
steps 3 (p =.0002) and 4 (p = .0157), with no other
significant pairwise differences observed.

From steps 1 to 8, ‘Standard’ and ‘Unrelated’ set-
tings generally show lower silhouette scores com-
pared to the ‘Long-Distance’ and ‘Short-Distance’

Setting: Unrelated

Predictability
—— 0%

25%
—— 50%
0.6 —— 75%
—e— 100%
0.4
0.2
0

Setting: Long-Distance

Silhouette Score

Predictability

—— 0%
0.8 25%
——50%
—— 75%

—e— 100%

Silhouette Score
o o °
o s Y

Setting: Short-Distance
Predictability

—— 0%
25%

——50%

——75%

—e— 100%

Silhouette Score
o o o o
o IS B ®

2 4 6 8 1

15}

Step

Figure 3: Silhouette scores for each condition in three
model settings of Experiment 2

Predictability: 100%
Setting
—e— Standard

0.8 Short-Distance
—e— Long-Distance

—e— Unrelated

Silhouette Score
o o °
o S S
~
b R
o
®
5

Step

Figure 4: Silhouette scores for 100% predictability in
different model settings
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settings, with limited exceptions. However, this dif-
ference diminishes, when acoustic distance reaches
steps 9 and 10. These findings suggest that an-
other contrast sharing acoustic features in the target
dimension facilitates the discrimination of a new
sound pair, even when predictability of the target
sounds is high and their acoustic distance is not
very large. However, if this distinction cannot be
learned from other sound contrasts, this facilitative
effect is absent, resulting in discrimination perfor-
mance comparable to that observed when learning
in isolation. This underscores the essential role
of shared acoustic features in supporting percep-
tual discrimination, particularly under conditions
of high predictability and limited acoustic distance
between target sounds.

4 Discussion

4.1 Role of predictability

The results reveal that discrimination performance
under full predictability (100%) is significantly
poorer compared to other levels of predictability,
which do not differ significantly among themselves.
This suggests that the influence of contextual cues
on sound discrimination operates in a categorical
manner: only when predictability reaches its max-
imum does perceptual sensitivity diminish notice-
ably. This phenomenon aligns with previous behav-
ioral studies proposing that listeners treat sounds
with fully predictable contexts (complementary dis-
tribution) as allophones, leading to reduced sensi-
tivity to the acoustic differences, while phonemes
remain encoded as contrastive (Peperkamp et al.,
2003; Noguchi and Kam, 2018).

However, this categorical effect is not absolute.
For example, in the ‘Unrelated’ setting, 75% pre-
dictability also shows significant differences from
lower predictable levels at some steps (e.g., the pair-
wise comparison of 75% predictability and 50%
predictability at step 4, with p = .001). This indi-
cates that near-complete predictability might also
influence discrimination, albeit with less consis-
tency. A potential explanation for this general cate-
gorical manner is that the model’s capacity or the
task’s simplicity may inherently limit the detection
of subtle gradual changes in non-full predictabil-
ity levels. Specifically, the model might tend to
learn the contrast even when only a small amount
of evidence is present showing that they are not
fully predictable, thus the model separates the two
sounds in its latent representations. As contrastive

learning benefits more from longer training steps,
later in training, the model is exposed to more neg-
ative pairs, thus more ready to learn the contrast
even when overlapping contextual cues are limited
(Chen et al., 2020).

Supporting this, analysis of early training phases
for a closely paired contrast (first 10 epochs at
step 3, under the ‘Standard’ setting) shows some
gradual differences in the silhouette scores at lower
predictability levels (see Figure 5). This suggests
that the effect of predictability may have a gradual
component that is hidden by the model’s tendency
to perform categorically at later stages. In other
words, during early training, the model registers
subtle gradations, but as training proceeds, it shifts
to making a more binary, categorical distinction.

Setting: Standard; Step: 3
Predictability
—— 0%

25%
—— 50%
0.5

—— 75%

—e— 100%

Silhouette Score

2 4 6 8 10

Epoch

Figure 5: Silhouette scores across different epochs at
step 3 in the ‘Standard’ setting

4.2 Role of acoustic distance and its
interaction with predictability

Across all conditions, larger acoustic distances are
associated with improved discrimination perfor-
mance. Importantly, as acoustic distance increases,
its influence begins to outweigh the effect of pre-
dictability, indicating that acoustic effects can miti-
gate context-driven perceptual attenuation.
Specifically, for the predictability condition that
impacts discrimination the most (i.e., 100% pre-
dictability), the influence appears to change gradu-
ally along the acoustic distance. Rather than a sharp
threshold, increasing acoustic differences lead to a
progressive gain in the discrimination performance,
constrained by the salience of acoustic cues. This
implies that perceptual sensitivity is modulated by
an incremental weighting of cue salience, where
the effect of contextual predictability can be even-
tually overcome by salient acoustic cues, also sup-
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porting that sound perception comprises utiliza-
tion and interaction of multiple cues (Norris, 2003;
Davis et al., 2005; Martin et al., 2013; Fourtassi
and Dupoux, 2014; Frank et al., 2014).

4.3 Role of other sound contrasts

The presence of additional contrasts that share the
same acoustic dimension enhances discrimination
performance under full predictability. This sug-
gests that phonemic or phonological information
related to the relevant acoustic dimension does not
operate in isolation but functions as a network of
cues (Kuhl, 2000), reinforcing perceptual distinc-
tions across contrasts. Moreover, when the acoustic
distance of the additional sound pair is smaller, the
discrimination accuracy will increase more.

This finding indicates that phonetic information
from other contrasts can strengthen the perceptual
salience of the target contrast. In other words, re-
lated phonetic cues from additional sounds can
support and enhance the acoustic distinctions that
are important for differentiating the target sounds
(Maye et al., 2008; Finley and Badecker, 2009).
This support helps to offset the decrease in percep-
tual sensitivity caused by high predictability, mak-
ing subtle acoustic differences easier to detect. The
effect is particularly prominent when the additional
contrast involves a smaller acoustic difference. As
a result, even slight acoustic distinctions become
clearer because the influence of related contrasts
facilitates the ability to discriminate, especially in
environments where cues might otherwise be weak-
ened by predictability.

Conversely, when the additional contrast exhibits
no acoustic difference in the target dimension, indi-
cating they are not related, it neither facilitates nor
inhibits discrimination, highlighting that acoustic
interactions are specific to contrasts sharing rele-
vant phonetic features.

5 Limitations and conclusion

Our study utilizes a supervised contrastive learn-
ing framework to simulate the perception of sound
pairs with different predictability levels and acous-
tic distances. The input consists of manipulated
acoustic vectors with 16 features for each sound,
derived from Gaussian distributions. Although this
design is grounded in phonetic data and easy to
control, it may not fully capture the variability and
dynamic properties of natural speech. Addition-
ally, the explicit supervision in the model limits

its ability to reflect the complexity of natural lan-
guage perception. Future work should consider
more realistic inputs and improved model designs
to enhance generalizability to real-world language
perception. Apart from the influence of predictabil-
ity and acoustic distance, the current study inves-
tigates the interactions with other contrasts, only
considering one additional contrast for comparison.
While the findings can be generalized to situations
involving multiple sound pairs, incorporating a full
phoneme inventory from a specific language would
provide a more comprehensive understanding of
how language-specific phonological systems influ-
ence perception.

Overall, the present study advances our under-
standing of how predictability and acoustic dis-
tance jointly influence sound discrimination via
contrastive learning. The results demonstrate that
predictability significantly impairs discrimination
performance only when it reaches its maximum,
suggesting a categorical influence of contextual
cues on perceptual sensitivity. Furthermore, acous-
tic distance interacts incrementally with predictabil-
ity, with larger acoustic distinctions counteracting
the attenuating effect from full predictability on per-
ception. The presence of related contrasts sharing
phonetic features underscores the role of phonolog-
ical networks in supporting perceptual robustness,
especially under high predictability and limited
acoustic distinction. These findings reinforce the
notion that speech perception involves a complex
interplay of multiple cues, where context, acous-
tic features, and phonological relationships among
related sound pairs dynamically shape perceptual
outcomes.
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A Supplementary materials

All scripts related to data manipulation, model
architecture, loss function, and statistical
analysis, along with additional resources, are

accessible via the Open Science Framework:

https://osf.io/krj2a/overview?view_only=
d21b3d2a2ee64991a04f9ee456a93639.
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